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Abstract 
This dissertation explores the effects of proximal and distal influences on children’s early cognitive, 
literacy, mathematics, and social-emotional development. Specifically, it explores how child and family 
characteristics, collected across two systems (education and social services), provide a deeper 
understanding about which factors (administrative Head Start data) contribute to, or impede, kindergarten 
readiness. The sample comes from over five-years of administrative data collected by one Head Start (N 
= 1,094, M(age) = 5.2 years; 54% female). Half of the children in the sample are African American (50%), a 
majority are English speaking (84%), and 100% are considered low-income. The dissertation utilized 
multiple regression and latent class analyses to answer the following research questions: (1) Which child 
and family characteristics are associated with kindergarten readiness (cognitive, literacy, mathematics, 
and social-emotional development)? (2) What number and type of classes (based on Head Start 
administrative data) best describe the children in the sample? (3) To what extent does membership in 
these classes predict kindergarten readiness across cognitive, literacy, mathematics, and social-
emotional development? Through the application of multiple regression analysis, findings suggest that if 
a child were homeless at intake, they were more likely to score lower than non-homeless children across 
literacy, mathematics and social-emotional development. Additionally, father involvement, enrollment in 
Medicaid, and passing the hearing screening at intake predicted higher scores on the cognitive 
assessment. Furthermore, results from the latent class analysis identified that children were best 
categorized into two classes: Class One. Family Risk and High Social Service Enrollment (49%) and Class 
Two. Family Strength and Low Social Service Enrollment (51%). Children in Class One were more likely to 
score lower across all developmental domains at kindergarten entry, except on the social-emotional 
kindergarten assessment. The findings from this study offer an important contribution to understanding 
the use of Head Start administrative data as one mechanism for identifying early risk and intervention 
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from over five-years of administrative data collected by one Head Start (N = 1,094, 
M(age) = 5.2 years; 54% female). Half of the children in the sample are African 
American (50%), a majority are English speaking (84%), and 100% are considered low-
income. The dissertation utilized multiple regression and latent class analyses to answer 
the following research questions: (1) Which child and family characteristics are 
associated with kindergarten readiness (cognitive, literacy, mathematics, and social-
emotional  development)? (2) What number and type of classes (based on Head Start 
administrative data) best describe the children in the sample? (3) To what extent does 
membership in these classes predict kindergarten readiness across cognitive, literacy, 
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Medicaid, and passing the hearing screening at intake predicted higher scores on the 
cognitive assessment. Furthermore, results from the latent class analysis identified that 
children were best categorized into two classes: Class One. Family Risk and High Social 
Service Enrollment (49%) and Class Two. Family Strength and Low Social Service 
Enrollment (51%). Children in Class One were more likely to score lower across all 
developmental domains at kindergarten entry, except on the social-emotional  
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CHAPTER 1: INTRODUCTION AND LITERATIURE REVIEW 
 
Introduction 
Promoting the academic development of children living in poverty requires a 
multidimensional approach to intervention and policy. The notion of education as the 
great equalizer oversimplifies the multiple systems that interact and contribute to the 
optimal developmental outcomes of children from low-income families. Children develop 
in a nested and interactive set of interrelated systems that should not be analyzed in 
isolation. This is especially true for children from low-income families, whose lives are 
often intertwined across various government systems (i.e. education and social services) 
and influenced by multiple factors (i.e. individual, family, and community 
characteristics). In efforts to better inform intervention strategies for children from low-
income families, it is imperative to assess how these systems and levels interact to either 
promote or impede academic development. Thus, in efforts to promote the optimal 
academic development of children from low-income families, it requires a 
comprehensive understanding of the transactional model of development. 
To accomplish this, my dissertation explores the effects of proximal and distal 
influences on children’s early cognitive, literacy, mathematics, and social-emotional  
development. Specifically, it explores how child and family characteristics, collected 
across two systems (education and social services), provide a deeper understanding about 
which factors (administrative Head Start data) contribute to, or impede, kindergarten 
readiness across a set of four developmental domains (cognitive, literacy, mathematics, 
and social-emotional  development). The findings from this study offer an important 
contribution to understanding the use of Head Start administrative data as one mechanism 
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for identifying early risk and intervention opportunities across multiple ecological levels, 
prior to kindergarten entry. 
Chapter One, Introduction and Literature Review, begins with a review of the 
literature about the relationship between poverty or low-income environments and 
academic development, the importance of early intervention, factors contributing to 
kindergarten readiness at the individual and family levels, and a brief discussion about 
the potential role of integrated data in providing a comprehensive understanding of the 
academic outcomes of children from low-income families. Next, I introduce the 
theoretical framework that serves as the foundation for this dissertation, my theory of 
change and I present the three research questions grounding this dissertation.  
Following the literature review is Chapter Two, Research Design and 
Methodology. In this chapter, I provide information about the study participants, research 
design, data collection, the measurements used to collect the data, methodological 
approach, data coding procedures, and the plan for analysis. Specifically, I provide details 
about how the use of multiple regression analysis and latent class analysis are best suited 
to help answer the following research questions: (1) Which child and family 
characteristics are associated with kindergarten readiness (cognitive, literacy, 
mathematics, and social-emotional  development)? (2) What number and type of classes 
(based on Head Start administrative data) best describe the children in the sample? (3) To 
what extent does membership in these classes predict kindergarten readiness across 
cognitive, literacy, mathematics, and social-emotional  development? 
In Chapter Three, Study Results, I begin with a discussion about the descriptive 
statistics for the independent and dependent variables. I present the results from the 
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bivariate correlations, multiple regression analysis, including the results for the multiple 
regression analysis with interaction effects, and I conclude by providing the results for 
the latent class analysis performed for the final two research questions.  
Chapter Four, Discussion and Implications, begins with a discussion about the 
dissertation results and previous research that helped to support the findings from this 
dissertation. Next, I offer possible implications of these findings for both policymakers 
and educators. I delve into three key limitations of this dissertation and conclude with a 
discussion about future directions to consider.  
It is important to note that in this dissertation, the terms poverty and low-income 
are used interchangeably. While I acknowledge that there are federal differences in how 
the two are measured, the impact on the developing child who lives in poverty or in a 
low-income environment are both relevant to my work. As such, I incorporated various 
empirical studies that refer to either low-income or poverty to help highlight the impact it 
has on early academic learning. Additionally, since each cohort in the study is relatively 
small, I have been asked to omit information that might aid in identifying the state or 






Poverty, Early Development, and Kindergarten Readiness  
Decades of research have noted that children developing in low-income 
environments are more likely to be exposed to lower quality educational resources, 
inadequate nutritional options, higher stressed environments, and limited positive parent-
child interactions (Aber, Jones, Chaudry, 2007; Brooks-Gunn & Duncan, 1997; Duncan, 
Yueng, Brooks-Gunn, 1998; Duncan & Brooks-Gunn, 2000; Hackman, Farah, and 
Meaney, 2010; Komro, Flay, and Biglan, 2011; Reiss, 2013; Yoshikawa, Aber, and 
Beardslee, 2012). Additionally, poverty-related risk factors such as exposure to 
environmental toxins, toxic stress, food insecurity, low parental education, and/or limited 
financial resources are often associated with higher reports of developmental delays, 
school absenteeism, and emotional and behavioral problems in early childhood 
(Geronimus, Korenman, & Hillemeier, 1994; Pogarsky, Thornberry, & Lizotte, 2006; 
Roby, Erickson, & Nagaishi, 2016;Stormer & Harrison, 2003). 
Numerous studies suggest that children from lower socioeconomic backgrounds 
perform lower than their peers across several developmental domains (i.e. cognitive, 
language, literacy, numeracy, physical and social-emotional ) which contribute to lower 
performances across various school readiness measures (Akee, Copeland, Keeler, 
Angold, & Costello, 2010; Noble, Houston, Kan, & Sowell, 2012; Reardon, 2011; 
Stormer & Harrison, 2003). It is well established in the research that children who grow 
up in poverty are more vulnerable to lower cognitive functioning, lower vocabulary skills 
and socioemotional difficulties (Brooks-Gunn & Duncan, 1997; Hart & Risley 1995; 
Komro, Flay, and Biglan, 2011; Reiss, 2013; Yoshikawa, Aber, and Beardslee, 2012). 
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Furthermore, inadequate development during early childhood has been shown to impact 
academic and behavioral outcomes later in childhood, during adolescence, and have been 
found to persist through adulthood (Campbell, Pungello, Burchinal, Kainz., Wasik & 
Ramey 2012; McLoyd, 1998; Moffitt, Arseneault, Delsky, Dickson, Hancox, Harrington 
& Caspi, 2010; Mol & Bus, 2011; Sampson, Sharkey, & Raudenbush, 2007; Sirin, 2005). 
As children develop into their adolescent and adult years, many of the adverse 
childhood experiences have the potential to contribute greatly to their adult life. As noted 
by the National Center for Children in Poverty at Columbia University, the number of 
years a child spends growing up in poverty increases their likelihood of living in poverty 
as an adult (Fass, Dinan, & Aratani, 2009). For instance, a child that lives in poverty for 8 
– 14 years was correlated with a 46% chance of being poor by age 20. Anxiety, impaired 
memory, physical disability, depression and mortality in later life have all been linked to 
socioeconomic conditions in early childhood (Graham & Power, 2004; Gupta, Wit, & Mc 
Keown, 2007; Kagan & Kauerz, 2007; Shonkoff, Garner, Siegel, Dobbins, Earls, 
McGuinn, 2012). Specifically, research has found correlations between exposure to toxic 
stress in early life and mental health conditions in later life (Kagan & Kauerz, 2007; 
Shonokoff et, al., 2012). As noted by Ratcliffe and Kalish (2017), these outcomes are 
likely a direct result of conditions impacting educational attainment and achievement 
faced by children living in poverty.  
Attempting to prevent or undo, the negative outcomes associated with childhood 
poverty on academic development may seem unmanageable because the causal 
relationship is unclear, and there are several interacting factors to consider. However, 
regardless of the causality debate, one thing is clear, childhood poverty increases a 
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child’s susceptibility of being exposed to less than optimal developmental outcomes 
across several developmental domains; which are linked to school readiness skills at the 
start of kindergarten (Akee et al., 2010; Noble et al., 2012; Reardon, 2011; Welsh, Nix, 
Blair, Bierman, & Nelson, 2010).  In efforts to combat these negative outcomes, 
practitioners, researchers, and policymakers have turned to a variety of early learning 
interventions as possible solutions. 
 
Head Start as a Solution?  
Intervening early in the lives of children from low-income environments, has the 
potential to disrupt the effects of intergenerational poverty and promote kindergarten 
readiness. In response to growing research on the detriments of poverty and the academic 
achievement gaps between children of different socioeconomic backgrounds, Head Start 
was designed to expand opportunities to low-income preschool-aged children and 
promote school readiness (Administration for Children and Families, 2019; Gibbs, 
Ludwig & Miller, 2013). Soon after, Early Head Start services began for infants and 
toddlers up to age three. Head Start is a two-generation program that focuses on both 
parenting and child development services. Head Start programs offer both home and 
center-based services and are focused around three central tenets: 1) Early Learning, 2) 
Health and Nutrition, 3) Family Wellbeing (Administration for Children and Families, 
2019). 
For many years, Head Start emerged as an innovative approach designed to 
expand opportunities for children from low-income families and to promote school 
readiness (Administration for Children and Families, 2019). However, the outcome 
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effects of Head Start are often mixed (Anderson, Shinn, Fullilove, Scrimshaw, Fielding, 
Normand, & Carande-Kulis, 2003; Barnett, 1995; Barnett, 2011; Harden, Sandstrom, & 
Chazan-Cohen, 2012; Reynolds, Temple, Robertson, & Mann, 2001). Some researchers 
have found significant effects on social-emotional , cognitive and language development 
(Administration for Children and Families, 2019; Love, Kisker, Ross, Raikes, 
Constantine, Boller, & Fuligni (2005); Whittaker, Harden, See, Meisch, & T’Pring, 2011) 
while other studies suggest that these outcomes often diminish as children progress into 
grade school (Ayoub, O’Connor, Rappolt-Schlictmann, Vallotton, Raikes, & Chazan-
Cohen, 2009; Anderson et. al., 2003; Barnett, 2011; Mistry, Benner, Diesanz, Clark, & 
Howes, 2010). Specifically, researchers claim the effects of programs like Head Start 
“fade out” over time as children from impoverished neighborhoods continue attending 
impoverished schools (Barnett, 2011; Lee & Loeb, 1995). Other studies have seen mixed 
results where some programs do well with long-term outcomes such as grade retention, 
social adjustment, and decreased criminal activity, but these results are not consistent 
across programs (Reynolds et al., 2001; Barnett, 1995). While the findings have been 
quite varied, many studies about the effectiveness of Head Start have often agreed on one 
conclusion. Children from low-income families who participate in these programs gain 
important school readiness skills compared to children of the same socioeconomic 
backgrounds that participate in different or no, pre-school programs (Deming, 2009; Lee, 
Brooks-Gunn, & Schnur, 1988; Magnuson & Waldfogel, 2005; Zhai, Raver, & Jones, 
2012).  
Today, Early Head Start and Head Start programs are appropriated approximately 
ten billion dollars in federal funding (Administration for Children and Families, 2019) 
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and thus, are mandated to document a wealth of information about children’s health, 
developmental abilities, family structure, and family involvement in social services. 
However, this wealth of information about child and family characteristics is simply 
being collected as an administrative task, rather than an opportunity to identify early risk 
factors that might be predictive of kindergarten readiness (Fantuzzo, LeBoeuf, Brumley, 
Coe, McDermott, & Rouse, 2019). Perhaps most distressing, is that the information 
collected from Head Start is not shared across the public school system (kindergarten). 
This undermines the importance of continued support and collaboration throughout a 
child’s academic lifespan. Furthermore, given the immense amount of data collected in 
Head Start programs, they are in a unique position to provide a comprehensive 
understanding of how the integration of data across systems and levels (i.e. at the 
individual, family, and school level) contribute to, or impede, kindergarten readiness 
prior to a child entering the public education system. The early identification of these risk 
factors is likely to be more easily influenced than attempting to address poverty alone 
(Fantuzzo, et al., 2019). 
 
Identifying Factors Contributing to Kindergarten Readiness 
 Preparing children from low-income families for kindergarten has been a focus 
for many years. In the year that Early Head Start began, the National Education Goals 
Panel of 1995 developed a multidimensional framework for understanding kindergarten 
readiness (Hair, Halle, Terry-Humen, Lavelle, & Calkins, 2006). The framework 
considered the following as essential to achieving kindergarten readiness: children’s 
readiness for school, school’s readiness for children, and how the community supports 
9 
 
the child’s kindergarten readiness. Additionally, the panel identified five developmental 
areas that are critical for kindergarten readiness: physical, social-emotional, approaches 
to learning, language, and cognitive development. Within these developmental areas, the 
panel also highlighted the importance of context. Specifically, they outlined the distal and 
proximal agents in a child’s life that interact and contribute to the child’s development 
within each domain. 
 Over the years, researchers have incorporated these developmental domains 
identified by the National Education Goals Panel into their studies to better understand 
the relationship between developmental domains and kindergarten readiness for children 
from low-income families (Akee et al., 2010; Brooks-Gunn & Duncan, 1997; Noble et 
al., 2012; Reardon, 2011; Reiss, 2013; Stormer & Harrison, 2003; Yoshikawa, Aber, and 
Beardslee, 2012). At the child-level, several researchers note that early cognitive skills 
are related to academic success in primary school, particularly in math and English 
(Duncan, Dowsett, Claessens, Magnuson, Huston, Klebonoy, Japel, 2007). Higher social-
emotional abilities prior to kindergarten entry were found to be predictive of academic 
improvement in kindergarten (Durlak, Weissberg, Dymnicki, Taylor, & Schellinger, 
2011). Furthermore, studies have found that at 24 months of age, language and verbal 
skills are reliable predictors of academic performance in primary school (Marchman and 
Fenald, 2008).  
At the family level, factors such as parent engagement in school, parent-child 
relationships, and family structure have all been linked to children’s kindergarten 
readiness. Parent-child interactions, such as positive verbal communication, is noted to 
have positive effects on early childhood cognitive and social-emotional development 
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(Allen, Sethl, & Astuto,2007). As noted by Harmeyer (2016), parent-child closeness, 
specifically the bond between mother and child was statistically significant in predicting 
self-regulation, vocabulary and academic skills in the earlier years of development. A 
recent study conducted by Kim, Schulz, Zimmermann, & Halweg (2018) found that 
positive parent-child interactions improved behavioral and academic outcomes in early 
childhood for low-income populations. Additionally, family structure (i.e. single parent 
household, family size, low parental education, employment status), is often associated 
with differences in educational investment, cognitive development, academic adjustment, 
and literacy stimulation in the early years of development (Burchinal, Roberts, Zeisel, 
Hennon, & Hooper, 2006; Forget-Duvois, Dionne, Lemelin, Perusse, Tremblay, & 
Boivin, 2009; Guo & Harris, 2000; Mistry et. al., 2010; Reardon, 2010; Yeung, Linver, & 
Brooks-Gunn, 2002).  
At the community level, access to quality early childhood education is key to 
promoting the academic development of children from low-income populations. 
Researchers have noted that participation in high-quality early childhood education is 
often associated with better academic outcomes in early and later life (Brown, Jones, 
LaRusso, & Aber, 2010; Elango, García, Heckman, & Hojman, 2015; Magnuson, 
Meyers, Ruhm, Waldfogel, 2004; Weiland, & Yoshikawa, 2013). Specifically, several 
studies conclude that access to these programs have significant impact on children’s 
language development, reading skills, reasoning skills, executive functioning, and social-
emotional development during kindergarten (Bick, & Nelson, 2016; Jones, Zaslow, 
Darling-Churchill, & Halle, 2016; Magnuson et. al., 2004). Additionally, participation in 
after-school care is often associated with higher levels of social-emotional development, 
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reading skills, math grades, and social skills (Pierce, Bolt, & Vabdell, 2010; Posner & 
Vandell, 1994; Roth, Malone, & Brooks-Gunn, 2010), many of which have been proven 
to promote and maintain, kindergarten success. 
While evidence suggest that there are multiple factors at the individual, family, 
and community level that contribute to kindergarten readiness among children from low-
income families, too often are these levels targeted in isolation (Evans, 2006). 
Furthermore, the lack of integrated administrative data across these levels present 
roadblocks towards a compressive understanding of which factors contribute to, or 
impede, the academic development of children from low-income families (Fantuzzo, et 
al., 2019). In efforts to promote kindergarten readiness a collaborative integrated 
approach to administrative data sharing across systems, and an appreciation of the 
interconnectedness of the individual, family, and community, is essential.    
 
The Need for Integrated Administrative Data  
Administrative data refers to the data collected at the individual and family levels 
(i.e. demographics, socioeconomic background, government benefits, etc.). The data is 
often collected by administrators, educators, and/or social workers of an early care and 
education facility (such as Head Start). The information is often gathered through phone 
interviews, in-person meetings, or by reviewing personal documents. As it relates to 
Head Start, the data is collected as part of a federal mandate for being part of a 
government program (Child Care and Early Education Research Connections, 2019). 
While there is a surprising dearth of studies focused on the power of integrated 
administrative data, there is growing evidence that integrating administrative data 
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provides a comprehensive understanding of kindergarten readiness among children from 
low-income families (Fantuzzo, LeBoeuf, Rouse, & Chen, 2012; Fantuzzo & Culhance, 
2015; Fantuzzo, LeBoeuf, Brumley, Coe, McDermott, & Rouse, 2019; Lane, 2016). 
Recent evidence suggests that large national studies that do integrate data across systems 
lack the contextual framework that many state’s need to make actionable interventions 
(Fantuzzo, et a., 2019). Instead, integrating the administrative data collected within a 
state provides informative and relevant local knowledge which leads to more effective 
interventions and changes.  
When data across systems (i.e. education and social services) and levels (i.e. 
individual and family) are linked, we can concurrently examine the association between 
early risk and kindergarten readiness (Fantuzzo, et al., 2019). Thus, connecting the 
administrative data collected by one Head Start program to kindergarten readiness 
outcomes has the potential to provide a comprehensive understanding of early risk factors 
and early intervention opportunities that are pertinent to their local needs. Additionally, 
assessing data across multiple systems and levels provides a holistic understanding of 
different intervention opportunities.    
 
Theoretical Framework and Theory of Change 
The theoretical framework for this dissertation is grounded in Urie 
Bronfenbrenner’s psychological theory, Ecological Systems Theory. This theory posits 
that an individual’s environment contributes significantly to their developmental 
outcomes. Bronfenbrenner noted that there are infinite combinations of factors that 
influence and inform development across the lifespan (i.e. biological disposition, social 
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settings, institutional interactions). These factors often overlap and intertwine, creating 
various systems of ecologies (Bronfenbrenner, 1977). 
An ecology can be defined as the relationship between a given organism and its 
environment, and thus, an ecological system is a system of those relationships 
(Bronfenbrenner, 1977). These consist of proximal, consistent, direct interactions and 
transactions, distal, and indirect effects, all of which occur within and between the 
individual’s various relationships to persons, institutions, and their greater social 
contexts. These exchanges and interchanges of social processes occur within a multi-
layer of systems; the environments, contexts, or settings which may or may not contain 
the individual. As noted by Bronfenbrenner (1977), the ecology of human development 
can be arranged into five settings: biosystem, microsystem, mesosystem, exosystem, and 
macrosystem.  
The biosystem refers to the developing person’s biological and psychological 
characteristics. Characteristics such as temperament, physical abilities, and mental health 
conditions are just a few examples. The microsystem involves the everyday, immediate 
settings containing the developing person. As noted by Bronfenbrenner (1977), it is the 
“relationship between the developing person and environment in an immediate setting 
containing that person” (p. 3). Individuals that have direct contact with the developing 
person such as family members, friends, teachers, and peers are examples of the 
microsystem (see figure 1).  
The mesosystem is the linkages between two or more settings containing the 
developing person. Essentially, they are the interrelations among systems in the 
microsystem. For example, the relationship between a child’s parent and school has a 
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direct effect on their developmental outcomes. The exosystem is the linkage between two 
or more settings, at least one of which does not contain the developing person. These are 
the social structures or major institutions in society that impinge upon the developing 
person. For instance, a parent’s relationships with their job influences how they interact, 
or do not interact, with their child. Finally, the macrosystem, refers to the characteristics 
of a given culture or subculture. At this level, the developing person is impacted by 
cultural attitudes and social norms. An individual’s race, socioeconomic status, and 
cultural beliefs are examined to assess the impact they present on the developing 
individual.  
In all, the ecological systems theory is essential in constructing an individual’s 
growth patterns through complex and dynamic interactions in a moment in time. It 
provides a visual representation of the transactional model of development and evidence 
that development across multiple domains are interrelated. Furthermore, it illustrates that 
a singular factor and the lack of integrated information across systems is not enough to 
understand the developmental outcomes of children developing in low-income 
environments.  
Therefore, I propose a theory of change that explains how the integration of data 
across multiple ecological levels lends insight into potential risk factors, which helps 
inform targeted early intervention efforts and leads to optimal kindergarten readiness for 
children from low-income families. I posit that the integration of data from a child’s 
ecology and administrative data collected across multiple systems provide a better 
understanding of early risk and intervention opportunities that will lead to better 













Theory of Change 
Note. The grey dash lines represent the existing data pathways. The black arrows represent my theory of change. 
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Current Study and Research Questions 
The existing literature demonstrates the need to study the kindergarten readiness 
of children from low-income families from a holistic perspective. Using advanced 
statistical measures (i.e. multiple regression and latent class analyses), we can unravel a 
more comprehensive understanding about how the integration of data across systems and 
ecological levels interact and contribute to various developmental outcomes. This 
dissertation adds to the existing gap in research by examining kindergarten readiness 
classes using integrated administrative data collected across several ecological levels. 
Specifically, this is accomplished by investigating the following research questions: 
(1) Which child and family characteristics are associated with kindergarten
readiness
(cognitive, literacy, mathematics, and social-emotional  development)?
(2) What number and type of classes (based on Head Start administrative data)
best describe the children in the sample?
(3) To what extent does membership in these classes predict kindergarten
readiness
across cognitive, literacy, mathematics, and social-emotional  development?
Hypothesized Results 
By investigating the mechanisms that interact and influence developmental 
outcomes, I first hypothesize that characteristics typically known as risk factors at the 
child and family levels are more likely to be associated with a child not being 
kindergarten ready across most, if not all, of the developmental domains. Additionally, 
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there will be variability among children of different demographic backgrounds, creating 
various child level class profiles. I anticipate the more social support services a family 
received, the more likely a child is to pass their health assessments, and the more likely 
the child will be considered kindergarten ready.  
Significance and Implications 
This dissertation offers an alternative approach to understanding the various 
factors contributing to the developmental outcomes of children from low-income 
families. The implications of this dissertation have the potential to inform early 
intervention policies aimed at improving kindergarten readiness for our most vulnerable 
populations. Additionally, Head Start providers are given insight into how the 
administrative data they are collecting provides knowledge of which children need 
additional support prior to kindergarten. Furthermore, it provides evidence of the 
importance of collaboration between Head Start and the public school system to 
successfully transition and prepare children to learn. Lastly, as various states contemplate 
the implementation of an integrated birth to five data system, this dissertation has the 
potential to highlight the contributions an integrated data system will have on providing a 
comprehensive understanding of the future developmental outcomes and overall well-
being of the state’s youngest population.   
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CHAPTER 2: RESEARCH DIESGIN AND METHODOLOGY 
Study Participants  
The sample for this dissertation comes from over five-years of administrative data 
collected by one Head Start. The study sample used for this dissertation is any child listed 
in the center’s ChildPlus database (a Head Start data management system) who 
completed all kindergarten readiness assessments (N = 1,094, M(age) = 5.2 years; 54% 
female). Half of the children in the sample are African American (50.0%, 0.8% Asian, 
18.0% Latino, 24.7% white, and 6.49% other), English speaking (84%), and 100% lived 
below the poverty line (as measured by family income recorded at Head Start intake). 
About 10% of the children had an Individualized Education Plan (IEP), and roughly 16% 
speak English as a Second Language (ESL).  
Data  Collection 
The data for this study consists of secondary data analysis of observational 
kindergarten assessments and administrative survey data collected by Head Start social 
workers, teachers, and administrators. The administrative data were collected at the start 
of each child’s entry into the Head Start program (within 45 days), while the kindergarten 
assessment data were collected one year later upon kindergarten entry (within 30 days of 
the child’s enrollment). The administrative data and the kindergarten assessments were 
both collected and conducted by the same Head Start program. All student identifiers 
were removed prior to providing the anonymous data set to me. Student data were not 
linked to identifiers such as student names, and any results for small groups of students 
(less than 10) were asked to be suppressed to protect student confidentiality.  
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Given the multiple variables included in the ChildPlus database, I categorized the 
data into four subcategories:  
1. Child Characteristics: age, gender, and race/ethnicity.
2. Health Assessments: lead levels, developmental screening, hearing test, and
vision test. 
3. Family Structure: primary caregiver’s education, primary caregiver’s
employment status, marital status, father involvement, family income, and 
homeless status. 
4. Social Service Supports: Temporary Assistance for Needy Families (TANF),
Supplemental Security Income (SSI), Women Infants and Children (WIC), 
Medicaid, and Supplemental Nutrition Assistance Program (SNAP).  
Table 1 provides a list of each predictor variable included in the study, the description of 
the variable, and how they were coded for both the multiple regression and latent class 
analyses.  
The Child Characteristics data were all collected during Head Start intake, except 
for age which was collected at the time of the kindergarten assessments. Health 
Assessments were all collected during the Head Start intake. Health Assessments were 
coded according to if a child passed the screening test on the first attempt. All data 
regarding enrollment in Social Service Supports were collected during the Head Start 
intake process. The data used in this sample were based on the primary caregiver’s 
participation in the various listed social services. 
Data regarding Family Structure were collected during the Head Start intake 
process. For instance, primary caregivers’ education levels were recoded based on the 
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primary caregiver listed. Two categories of parents were established, those with a high-
school degree or less and those with higher than a high school degree. Employment status 
was coded based on if the primary caregiver listed was employed at the time of the intake 
survey. Marital status was categorized into two categories, single parent home or two 
parent home. The level of father involvement was also categorized into two groups 
(involved or not involved) based on the father’s participation in any Head Start activities 
(family assessment, family goal setting, involvement in home visits, parent-teacher 
conferences, parenting education workshops). Family income was determined  based on 
the primary caregivers’ reported income and documentation provided to the individual 
imputing the data. Homeless status was also determined according to the reported status 
given by the primary caregiver during the Head Start intake. 
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Table 1.  
Description and Coding of Predictor Variables 
Variable Name Variable Description Coding 
Child Characteristics 
Age     Age at kindergarten assessment 
Gender  Child gender  1 = female 0 = male 
Race/Ethnicity Child race 
Health Assessments 
Lead Levels Screening  Did child pass lead level 1 = passed 0 = did not pass 
Developmental Screening Did child pass developmental 1 = passed 0 = did not pass 
Hearing  Test  Did child pass hearing test 1 = passed 0 = did not pass 
Vision  Test  Did child pass vision 1 = passed 0 = did not pass 
Family Structure 
Parental Education  Primary parent level of education 1 = HHS 0 = HSL 
Employment Status Primary parent education status 1 = employed 0 = unemployed 
Marital Status Does the child live in a two-parent home 1 = two PF 0 = one PF 
Father Involvement Did father participate in any activities  1 = yes 0 = no 
Family Income Family reported income 
Homeless Status Family homeless status 1 = yes 0 = no 
Social Service Support(s) 
TANF   Does the family receive TANF 1 = yes 0 = no 
SSI Does the family receive SSI 1 = yes 0 = no 
WIC Does the family receive WIC 1 = yes 0 = no 
Medicaid Does the family receive Medicaid 1 = yes 0 = no 
SNAP Does the family receive SNAP 1 = yes 0 = no 
Note. all variables are recorded at Head Start intake except age, which is recorded at the time of the kindergarten entry 
assessment. two parent family = two PF and one parent family = one PF. Higher than high school = HHS and High-school or 
lower = HSL. Temporary Assistance for Needy Families = TANF, Supplemental Security Income = SSI, Supplemental 
Nutrition Program for Women, Infants, and Children = WIC, and Supplemental Nutrition Assistance Program =  SNAP.
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Measures 
Two sources of data were used for this dissertation, including administrative 
interviews with caregivers to collect child and family data, and formative child 
assessments to measure academic readiness at the start of kindergarten.  
Child and Family Data. Trained educators, administrators, and social workers, 
conducted in-person interviews, telephone interviews and in-home family assessments. 
Through conversations and the utilization of birth certificates, immunization records, pay 
stubs, social service award letters, and documented Individualized Education Plans, they 
can collect a rich set of information about the child, family, and services provided to the 
family. The information collected was recorded and stored in the ChildPlus database. 
Data about the measurement tools used to assess a child’s lead levels, vision test, or 
hearing test were not made available.  
Developmental Screening. Parents complete the Ages and Stages Questionnaire-3 
(ASQ-3). The ASQ-3 is a 21 age-specific questionnaire that takes about 10-15 minutes to 
complete. It has a strength-based approach to evaluation and is conducted by the 
caregiver. The assessment focuses on a child’s communication, gross motor, fine motor, 
problem solving, personal-social, and overall skills. Once completed, the Head Start 
liaison scores the child’s developmental abilities. According to Rothstein, Miskovi, & 
Nitsch (2017), the interrater reliability is 93%, with a sensitivity of 82.5% (the ability to 
correctly identify children with developmental delays), and a specificity of 92.1% (the 
ability to correctly identify children at no risk of developmental delays). To see an 
example of the measurement tool, see Appendix A. 
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Kindergarten Readiness. For the cohorts in this study, all children were assessed 
using the formative child assessments, known as the Teaching Strategies GOLD, 
Kindergarten Entry Assessment. This assessment is an observation-based assessment 
designed to assess child development from birth to kindergarten and it is not limited to 
any specific child population (Lambert, Kim, & Burts, 2015). The assessment consists of 
38 objectives organized into nine categories: cognitive, language, literacy, mathematics, 
social-emotional, physical, science and technology, and the arts. However, the Head Start 
in this study only assesses children across six development domains: cognitive, language, 
literacy, mathematics, social-emotional, and physical. See Appendix B Teaching 
Strategies GOLD, Kindergarten Entry Assessment (abbreviated).  
Cognitive. The cognitive domain observes a child’s positive approaches to 
learning, attention and engagement, persistence, problem solving, curiosity and 
motivation, flexibility and inventiveness in thinking, ability to connect to experiences, 
recognize and recall, make connections, use classification skills, use symbols and images 
to represent something not present, and engagement in socio-dramatic play.  
Language. This domain observes a child’s ability to listen and understand 
complex language, follow direction, use language to express thoughts and needs, use 
expanding expressive vocabulary, speak clearly, use conventional grammar, tell others 
about another time and place, use appropriate conversational and other communication 
skills, engage in conversation, and use social rules of language.  
Literacy. The literacy domain captures a child’s ability to demonstrate 
phonological awareness, notice and discriminate rhyme, notice and discriminate 
alliteration, notices smaller units of sound, knowledge of alphabet, name letters, use 
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letter-sound knowledge, knowledge of print and its uses, uses books, uses print concepts, 
comprehension and responsiveness to books and other texts, interactions with read-aloud 
and book conversation, use emergent reading skills, retell stories, use of context clues to 
read and comprehend texts, reading fluency, emergent writing skills, writing narrative, 
writing to convey meaning, and writing with conventions. 
Mathematics. This domain records a child’s ability to use numbers, concepts, and 
operations, count, quantify, place value, engage in number combinations, explore and 
describe spatial relationships and shapes, compare and measure, understand time and 
money, and demonstrate knowledge of patterns. 
Physical. The physical domain observes the child’s ability to balance, manipulate 
grow-motor skills, coordination of fine-motor, use fingers and hands, and use writing and 
drawing tools appropriately.  
Social-emotional. This domain observes a child’s ability to regulate their own 
emotions and behaviors, manage feelings, follow expectations, take care of their own 
needs appropriately, establish positive relationships, form relationships with adults, 
respond to emotional cues, interact with peers, make friends, participate cooperatively, 
balance needs and rights of self and others, and solve social problems.  
Each item within the domain is scaled on a 10-point scale and cut scores are 
determined per domain. See Table 2. Teaching Strategies GOLD has established 
interrater reliability and internal consistency reliability for the overall tool. The internal 
consistency reliability was found to be between 0.957 - 0.980 for the assessment tool 
(Lambert et al., 2015). Additionally, the interrater reliability ranged from 0.80 - 0.90 
across each developmental domain (Lambert et al., 2015). 
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Table 2.  
Teaching Strategies GOLD, Developmental Domain Cut Scores 
Domains Measurements Proficiency Cut Score 
Cognitive  Numeric scores Score of  30 or higher 
Language Numeric scores Score of 18 or higher 
Literacy Numeric scores Score of  34 or higher 
Mathematics Numeric scores Score of  30 or higher 
Physical Numeric scores Score of 18 or higher 
Social-emotional Numeric scores Score of 26 or higher 
Note. Language and Physical were not used in this dissertation. 
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Data Analysis Plan 
Missing and Omitted data. Listwise, also known as Case Deletion, was 
implemented prior to analyzing the data. Children that were listed in the ChildPlus 
database, but were not administered the kindergarten assessment, were omitted from the 
study. This method was preferred because very few cases were deleted across all the 
cohorts: Cohort One (8%), Cohort Two (4%), Cohort Three (5%), Cohort Four (7%), and 
Cohort Five (3%). There was no explained relationships between the administrative data 
collected and why a child was missing their kindergarten assessment data. Thus, given 
the large sample size, the Listwise or Case Deletion method is a preferred, and often a 
common approach used in similar research (Afghari, Washington, Prato, & Haque, 2019; 
Kang, 2013). This approach assumes that the probability of the missingness is 
independent of the study variable (Choi, Dekkers, & le Cessie, 2019; Kang, 2013) and the 
large sample size helps to reduce bias in the estimation of the parameters (Kang, 2013).  
For this dissertation, I elected not to include the language and physical 
assessments and instead focused on the remaining four developmental domains: 
cognitive, literacy, mathematics, and social-emotional. The language domain is 
administered to children who speak English as a Second Language (ESL), and my sample 
consisted of 84% of children in which English is their first language. Additionally, the 
small portion of the sample (16%) that are ESL students, were administered both the 
literacy and language assessments. Therefore, instead of including the language 
assessment score for a small fraction of the sample in this dissertation, the language 
assessment was omitted as one of the outcome variables of interest. Omitting the 
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language assessment did not impact the number of children in the sample, as these 
children also had a literacy score to include. 
Additionally, the physical assessment scores were also omitted as an outcome 
variable of interest. Given the varying research related to the relationship between 
physical or gross motor skills and academic development (Zeng, Ayyub, Sun, Wen, 
Xiang, & Gao, 2017), this domain did not appear pertinent to this dissertation’s research 
questions and goals.  
Descriptive Statistics. Bivariate correlations (Pearson’s r) were performed 
between the dependent study variables (cognitive, literacy, mathematics, and social-
emotional). This method was used to measure the relative strength of the individual 
variables, assess if each variable accounted for a unique contribution, and to gauge if the 
variables are highly correlated. This method allowed for exploration of the possibility of 
relations between variables prior to performing more advanced statistical analysis (Curtis, 
Comiskey, & Dempsey, 2016). 
Research question 1: Which child and family characteristics are associated with 
kindergarten readiness (cognitive, literacy, mathematics, and social-emotional  
development)? Multiple regression analysis was conducted to assess the relationship 
between child and family characteristics and each developmental domain. Multiple 
regression analysis allows for us to assess the impact of the predictors on the dependent 
variable (Cohen, West, Aiken, 2014). This method allows for categorical independent 
variables in the study to be included as predictors. Multiple regression analysis assumes 
linearity and that the components are additive, have equal variance around the regression 
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line, and non-multicollinearity that all predictors are independent (Cohen, West, Aiken, 
2014). 
Four multiple regression models (one per developmental domain), were 
performed to assess which predictor variables (Head Start administrative data) presented 
a statistically significant relationship with the outcome variable of interest (one of the 
four development domains) in the model. All dichotomous and categorical variables were 
dummy coded. The outcome variables were all standardized. All models took the 
following form.  
Ŷ = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘 +  𝜖 
where Ŷ is the construct of interest or prediction variable (e.g., cognitive, literacy, 
mathematic, and social-emotional); 
𝛽0 is the intercept; 
𝛽1 𝑡𝑜 𝛽𝑘 are the estimated regression coefficients; 
𝑋1 𝑡𝑜 𝑋𝑘 are the independent or predictor variables (administrative data 
collected); and 
𝜖 are the residuals.
Since the data collected across five years were combined into one large group, it 
was essential to test for cohort differences. To do so, an interaction term was introduced 
for the cohort variable and each statistically significant finding. Assessing for an 
interaction effect helps to identify if the statistically significant findings varied depending 
on the cohort.  The model for the interaction term, took the following form.  
Ŷ = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑘𝑋𝑘𝑋1𝑋2 + 𝜖 
Interaction term 
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where Ŷ is the construct of interest or prediction variable (e.g., cognitive, literacy, 
mathematic, and social-emotional); 
𝛽0 is the intercept; 
𝛽1 𝑡𝑜 𝛽𝑘 are the estimated regression coefficients; 
𝑋1 𝑡𝑜 𝑋𝑘 are the independent or predictor variables (administrative data 
collected); 
𝜖 are the residuals; and
the product of 𝑋1 𝑎𝑛𝑑 𝑋2 is the two-way interaction. 
Research question 2: What number and type of classes (based on Head Start 
administrative data) best describe the children in the sample? Latent class analysis 
(LCA) was performed to assess how children are categorized into classes, based on the 
administrative data collected across the three domains stated earlier: Health Assessment, 
Family Structure, and Social Service Supports. The added value of this approach is that it 
allows for multiple variables (moderators) to be included into the model without risking 
Type I errors (Lubke & Muthén, 2005). Additionally, it has the potential to better inform 
intervention efforts by understanding child strengths and weakness and by building on the 
strengths to address areas of need.  
LCA is designed to take mean scores of individuals and create groups based on 
similarities (Quirk, Nylund-Gibson, & Furlong, 2013; Quirk, Grimm, Furlong, Nylund-
Gibson, & Swami, 2016).  LCA allows for us not only to capture mean differences but 
also variances and covariances among classes. LCA is a person-centered approach that 
allows for differences in outcomes. Essentially, it allows for resilient classes to emerge 
among commonly known risk factors. LCA has the potential to illuminate profiles of 
students that are ready for kindergarten, despite the child and family level risk(s) 
associated with their profile.  
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LCA assumes data are missing at random and uses full information maximum 
likelihood to deal with missing data. Unlike cluster analysis, LCA estimates the 
probability that each child belongs to a given profile, and during the iterative process, 
will test for model fit. Bayesian Information Criterion and Akaike Information Criterion 
will be used to determine model fit, numbers closer to 0 will be an indication of a better 
fitting model (Enders, 2008). Indicator variables will be the kindergarten readiness 
measures (i.e. cognitive, literacy, mathematics and social-emotional). See Figure 3. 
Research question 3: To what extent does membership in these classes predict 
kindergarten readiness across cognitive, literacy, mathematics, and social-emotional 
development? Once a class solution was reached, a generalized structural equation model 
was performed to assess the kindergarten readiness outcomes of each class solution. 
Essentially, the class profiles were used as predictor variables to predict kindergarten 
readiness across all developmental domains (cognitive, literacy, mathematics, and social-
emotional). See Figure 4. All analyses were conducted using Stata Version 16.
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Figure 3.  
Head Start Administrative Data Predicting Class Profiles 
Note: lead=lead levels, dev=developmental screening, hear=hearing test, vision=vision test, med=Medicaid, ed=primary 
caregiver’s education, job=primary caregiver’s employment status, father=father involvement, and home=homeless status 
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Figure 4.  
Using Class Profiles to Predicting Kindergarten Readiness 
Note: cscore=cognitive, litscore=literacy, mscore=mathematics, sescore=social-emotional 
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CHAPTER 3: RESULTS 
The results are separated into four main sections: 1. Descriptive Statistics, 2. 
Assessing which Head Start administrative data predicts kindergarten readiness, after 
controlling for all predictor variables, 3. Identifying the type and number of class profiles, 
and 4. Utilizing the class profiles to predict kindergarten readiness across the different 
developmental domains (cognitive, literacy, mathematics, and social-emotional). 
Descriptive Statistics 
Table 3 displays the descriptive statistics of the independent variables (Head Start 
administrative data). The sample consisted of 1,094 students, 54% female, 50% African 
American, a mean age range of 5.2 years of age at kindergarten entry. As shown in Table 
3 (data collected at intake), 6.8% did not pass the lead screening, 21.3% did not pass the 
developmental screening, 26.3% did not pass the hearing test and 8.3% did not pass the 
vision test. Regarding family structure, 84.8% of the primary caregivers had a high 
school degree or less, 47.9% of primary caregivers were unemployed, 58.6% of children 
in the sample lived in single parent home, 74.1% of father’s were actively engaged in at 
least one Head Start activity, and 15.5% of children were considered homeless, upon 
intake.  
As it relates to enrollment in social services, enrollment in the Supplemental 
Nutrition Assistance Program (SNAP), was the highest (77.1%), followed by Medicaid 
(67.1%), and enrollment in Supplemental Nutrition Program for Women, Infants, and 
Children (WIC) at 44.5%. There were lower enrollments in the Temporary Assistance for 
Needy Families (16.18%) and Supplemental Security Income (19.3%). Lastly, given the 
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enrollment requirement of participating in Head Start, the primary caregivers’ income 
was relatively homogeneous (M = $18,151, SD = $10,276, range = $0 – $44,890). 
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Table 3.  
Descriptive Statistics of Administrative Data 
Variable Name Min Max M or % SD 
Child Characteristics 
Age Age in years 4.7 6.3 5.2 .36 
Gender  % Female 53.8 
Race/Ethnicity % African American 50.0 
Health Assessments 
Lead Levels % Did not pass lead screening 6.8 
Developmental Screening % Did not pass screening 21.3 
Hearing Screening  % Did not pass hearing test 26.3 
Vision Screening % Did not pass vision test 8.3 
Family Structure 
Parental Education  % High-school degree or less 84.8 
Employment Status % Unemployed  47.9 
Marital Status % One parent home 58.6 
Father Involvement % Father participation  74.1 
Family Income Family reported income 0 44,890 18,151 10,276 
Homeless Status % Homeless 15.5 
Social Service Support(s) 
Temporary Assistance for Needy Families (TANF) % receiving TANF 16.18 
Supplemental Security Income (SSI) % receiving SSI 19.3 
Women, Infants, and Children (WIC) % receiving WIC 44.5 
Medicaid % receiving Medicaid 67.1 
Supplemental Nutrition Assistance Program (SNAP) % receiving SNAP 77.1 
Note: all variables are recorded at HS enrollment except age, which is recorded at the time of the kindergarten entry 
assessment. N = 1,094  
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Table 4 displays the descriptive statistics for the dependent variables 
(developmental assessments) and Figure 5 illustrations how the sample’s averages 
compare to their state averages. On average, students in this Head Start sample scored 
lower than the state average across all developmental domains: cognitive (M = 28.9, SD = 
8.1, range = 1 – 48), literacy (M = 40.2, SD = 15.9, range = 1 – 77), mathematics (M = 
26.9, SD = 8.2, range = 1 – 45), and social-emotional (M = 25.8, SD = 7.7, range = 2 – 
43) assessments.
Table 4.  
Descriptive Statistics of Developmental Assessments  
Variable Name Min Max SD M 
Developmental Domains 
Cognitive 1 48 8.1 28.9 
Literacy 1 77 15.9 40.2 
Mathematics 1 45 8.2 26.9 
Social-emotional 2 43 7.7 25.8 
Figure 5.  
Descriptive Statistics of Developmental Assessments  
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Additionally, when comparing the same race or ethnicity in the Head Start sample 
to the same race or ethnicity at the state level, there are slight differences in the 
percentage of accomplished children by racial groups. Figure 6, 7, 8, 9 and 10 compare 
the percentages of accomplished by race. For instance, the percentage of accomplished 
African American children in this Head Start sample is very similar to the state average 
(see Figure 6), across all developmental domains. As for Asian children however, when 
comparing them to other Asian children at the state level, the Head Start sample’s 
percentage of accomplished Asian children is lower than the state average across all 
developmental domains, except cognitive development (see Figure 7). The percentage of 
accomplished Latinx children in this Head Start sample is higher than the percentage of 
accomplished Latinx children at the state level across all developmental domains (see 
Figure 8). There is variance in how the Multiracial children compare to their peers (see 
Figure 9), and the percentage of White children accomplished in this Head Start sample is 
consistently lower than the state averages (see Figure 10). 
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Figure 6.  
Accomplished Percentage for African American Children 
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Figure 7.  
Accomplished Percentage for Asian Children 
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Figure 8.  
Accomplished Percentage for Latinx Children 
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Figure 9.  
Accomplished Percentage for Multiracial Children 
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Figure 10  
Accomplished Percentage for White Children 
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Bivariate Correlations 
Table 5 displays the results of the bivariate correlations that were performed 
between the dependent study variables (cognitive, literacy, mathematics, and social-
emotional). All correlations were low in magnitude and statistically significant at p < .05, 
except the relationship between cognitive and mathematics which was not significant at 
any alpha level. All relationships were positively correlated, indicating that as a student 
scores higher on one assessment, they are likely to score higher on the corresponding 
assessment. The strongest (still low in magnitude), was the relationship between a 
students’ score on the mathematics assessment and the literacy assessments r = 0.23 p < 
.001. See Figure 11. 
Table 5.  
Bivariate Correlations Between Dependent Variables 
Pearson Correlations 
1 2 3 4 
1. Cognitive -- 
2. Literacy 0.10*** -- 
3. Mathematics -0.04 0.23*** -- 
4. Social-emotional 0.14*** 0.06* 0.06* -- 
Note. *p  < .05;  **p  < .01;  *** p  < .001 
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Figure 11.  
Relationship Between Mathematics and Literacy Scores 
Multiple Regression Analysis 
Research question 1: Which child and family characteristics are associated with 
kindergarten readiness (cognitive, literacy, mathematics, and social-emotional 
development)? First, I assessed the relationship between the Head Start administrative 
data (independent predictor variables) and each kindergarten readiness assessment data 
(cognitive, literacy, mathematics, and social-emotional), the dependent variables. As 
shown in Table 6, there are statistically significant findings for cognitive development: 
hearing test (b = 0.179, SE = 0.094, p = 0.05), Medicaid enrollment (b = 0.266, SE = 
0.104, p = 0.01), parent education (b = 0.236, SE = 0.122, p = 0.05), and father 
involvement (b = 0.224, SE = 0.108, p = 0.05). These relationships can be interpreted as a 
child passing their hearing screening during their Head Start intake is associated with 
higher cognitive scores of 0.179 compared to children that do not pass the hearing test. 
Enrollment in Medicaid was associated with higher cognitive scores of 0.266, parent 
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education was associated with a higher score of 0.236, and father involvement (at Head 
Start intake) was also associated with higher cognitive scores of 0.224 at kindergarten 
entry.  
The primary caregiver’s employment status also displayed a statistically 
significant finding for mathematics development (b = 0.177, SE = 0.078, p = 0.01). If the 
primary caregiver was employed at the time of Head Start intake, their child was more 
likely to score higher on the mathematics assessment by 0.177 compared to children who 
did not have an employed primary caregiver at the time of intake.   
Additionally, there was a statistically significant relationship between a family’s 
homeless status and literacy  (b = -0.319, SE = 0.139, p = 0.05), mathematics  (b = -
0.312, SE = 0.138, p = 0.01), and social-emotional (b = -0.373, SE = 0.139, p = 0.01) 
development. These relationships can be interpreted as, if a family were homeless during 
the Head Start intake, their child in this sample, was more likely to score lower on the 
literacy, mathematics, and social-emotional assessments in kindergarten.  
While family income was statistically significant across all development domains: 
cognitive (b = 0.000, SE = 0.000, p = 0.01), literacy (b = 0.000, SE = 0.000, p = 0.001), 
mathematics (b = 0.000, SE = 0.000, p = 0.001), and social-emotional (b = 0.000, SE = 
0.000, p = 0.001). Theoretically, the practical implications were minimal and did not 
display much, if any, difference. This is likely because many of the children in the sample 
qualify for Head Start according to their income, which is expected to create more 
similarities as it relates to income.  
Since the data comes from over five years of administrative data collection, it was 
critical to assess if there were any interaction effects between the individual cohorts and 
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the statistically significant findings discussed above. The only interaction effect found 
were between father involvement and Cohort Two (b = -0.553, SE = 0.214, p = 0.01), 
Cohort Four (b = -0.443, SE = 0.217, p = 0.05) and Cohort Five (b = -0.415, SE = 0.214, 
p = 0.05). See Table 7 for interaction results. This suggest that there might be variability 
in father involvement across the cohorts.  
Across all multiple regression models, child characteristics (age, race/ethnicity, 
and gender) were removed as covariates in the final model. When used as covariates in 
the initial models, there were no statistically significant findings between different racial 
backgrounds, gender, or age. Below are the final models: 
Multiple Regression Models: 
Ŷ𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑣𝑒 = 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 +  𝜖
Ŷ𝑙𝑖𝑡𝑒𝑟𝑎𝑐𝑦 = 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 +  𝜖
Ŷ𝑚𝑎𝑡ℎ𝑒𝑚𝑎𝑡𝑖𝑐𝑠
= 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 +  𝜖
Ŷ𝑠𝑜𝑐𝑖𝑎𝑙𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙
= 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 +  𝜖
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Interaction Effects Model: 
Ŷ𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑣𝑒 = 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑒𝑎𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑚𝑒𝑑
+ 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑓𝑎𝑡ℎ𝑒𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑜𝑚𝑒 +  𝜖
Ŷ𝑙𝑖𝑡𝑒𝑟𝑎𝑐𝑦 = 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑒𝑎𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑚𝑒𝑑
+ 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑓𝑎𝑡ℎ𝑒𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑜𝑚𝑒 +  𝜖
Ŷ𝑚𝑎𝑡ℎ𝑒𝑚𝑎𝑡𝑖𝑐𝑠
= 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 +  𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑒𝑎𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑚𝑒𝑑
+ 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑓𝑎𝑡ℎ𝑒𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑜𝑚𝑒 + 𝜖
Ŷ𝑠𝑜𝑐𝑖𝑎𝑙𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑎𝑙
= 𝛽0 + 𝛽1𝑋𝑙𝑒𝑎𝑑 + 𝛽2𝑋𝑑𝑒𝑣 + 𝛽3𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽4𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽5𝑋𝑣𝑖𝑠𝑖𝑜𝑛 
+ 𝛽6𝑋ℎ𝑒𝑎𝑟𝑖𝑛𝑔 + 𝛽7𝑋𝑝𝑎𝑟𝑒𝑛𝑑𝐸𝑑 + 𝛽8𝑋𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 + 𝛽9𝑋𝑚𝑎𝑟𝑖𝑡𝑎𝑙
+ 𝛽10𝑋𝑓𝑎𝑡ℎ𝑒𝑟𝐼𝑛𝑣 + 𝛽11𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝛽12𝑋ℎ𝑜𝑚𝑒𝑙𝑒𝑠𝑠 + 𝛽13𝑋𝑇𝐴𝑁𝐹 + 𝛽14𝑋𝑆𝑆𝐼
+ 𝛽15𝑋𝑊𝐼𝐶 + 𝛽16𝑋𝑚𝑒𝑑𝑖𝑐𝑎𝑖𝑑 + 𝛽17𝑋𝑆𝑁𝐴𝑃 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑒𝑎𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑚𝑒𝑑
+ 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑓𝑎𝑡ℎ𝑒𝑟 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋𝑖𝑛𝑐𝑜𝑚𝑒 + 𝑋𝑐𝑜ℎ𝑜𝑟𝑡𝑋ℎ𝑜𝑚𝑒 +  𝜖
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Table 6.  
Relationship Between Head Start Administrative Data and Kindergarten Assessments 
Cognitive Literacy Mathematics Social-Emotional 
Lead Screening 0.226 -0.132 -0.140 0.066 
(1.142) (0.143) (0.142) (0.143) 
Developmental Screening -0.091 -0.006 -0.036 -0.078
(0.097) (0.097) (0.097) (0.097) 
Hearing Screening 0.179* 0.103 0.072 0.066 
(0.094) (0.095) (0.094) (0.095) 
Vision Screening 0.229 -0.292 0.095 0.097 
(0.207) (0.208) (0.207) (0.209) 
TANF 0.067 -0.074 0.042 0.157 
(0.091) (0.091) (0.091) (0.091) 
SSI 0.286 -0.101 0.151 0.265 
(1.734) (0.174) (0.174) (0.175) 
WIC 0.040 0.039 -0.022
(0.077) (0.077) (0.077) 




(0.104) (0.104) (0.104) (0.104) 
SNAP -0.104 0.023 -0.072 -0.036
(0.095) (0.095) (0.095) (0.096) 
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Parent Education 0.236* 0.231 0.187 0.076 
(0.122) (0.123) (0.122) 0.123 
Employment 0.143 0.006 0.177** 0.083 
(0.078) (0.078) (0.078) 0.079 
Marital Status 0.047 -0.065 0.002 -0.063
(0.106) (0.107) (0.106) 0.107
Father Involvement 0.224* 0.033 -0.049 -0.075
(0.108) (0.108) (0.108) 0.109
Family Income 0.000** 0.000*** 0.000*** 0.000** 
(0.000) (0.000) (0.000) 0.000 
Homeless Status -0.253 -0.319* -0.312** -0.373**
(0.138) (0.139) (0.138) (0.139)
Constant -0.659 0.236*** -0.144*** -0.132***
(0.319) (0.320) (0.319) (0.321)
Observations 1,094 1,094 1,094 1,094 
Note. Coefficients for variable cohort are not shown. *p  < .05;  **p  < .01;  *** p  < .001 
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Table 7.  
The Interaction Between Cohort and Significant Findings   
Cognitive Literacy Mathematics Social-Emotional 
Cohort X Hearing Screening 
2 x 1 -0.109 --- --- --- 
(0.233) --- --- --- 
3 x 1 -0.062 --- --- --- 
(0.231) --- --- --- 
4 x 1 -0.166 --- --- --- 
(0.239) --- --- --- 
5 x 1 -0.245 --- --- --- 
0.234 --- --- --- 
Cohort X Medicaid 
2 x 1 -0.273 --- --- --- 
(0.212) --- --- --- 
3 x 1 -0.281 --- --- --- 
(0.209) --- --- --- 
4 x 1 -0.235 --- --- --- 
(0.217) --- --- --- 
5 x 1 -0.193 --- --- --- 
(0.213) --- --- --- 
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Cohort X Parent Education 
2 x 1 -0.212 --- --- --- 
(0.312) --- --- --- 
3 x 1 -0.202 --- --- --- 
(0.307) --- --- --- 
4 x 1 -0.405 --- --- --- 
(0.317) --- --- --- 
5 x 1 -0.676 --- --- --- 
(0.299) --- --- --- 
Cohort X Parent Employment 
2 x 1 --- --- -0.077 --- 
--- --- (0.202) --- 
3 x 1 --- --- -0.202 --- 
--- --- (0.203) --- 
4 x 1 --- --- -0.280 --- 
--- --- (0.203) --- 
5 x 1 --- --- 0.107 --- 
--- --- (0.201) --- 
Cohort X Father Involvement 
2 x 1 -0.553** --- --- --- 
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(0.214) --- --- --- 
3 x 1 -0.344 --- --- --- 
(0.215) --- --- --- 
4 x 1 -0.443* --- --- --- 
(0.217) --- --- --- 
5 x 1 -0.415* --- --- --- 
(0.214) --- --- --- 
Cohort X Family Income 
2 x 1 0.000 0.000 0.000 0.000 
(0.000) (0.000) (0.000) (0.000) 
3 x 1 -0.000 -0.000 0.000 0.000 
(0.000) (0.000) (0.000) (0.000) 
4 x 1 -0.000 -0.000 0.000 0.000 
(0.000) (0.000) (0.000) (0.000) 
5 x 1 -0.000 -0.000 0.000 0.000 
(0.000) (0.000) (0.000) (0.000) 
Cohort X Homeless Status 
2 x 1 0.149 -0.022 -0.158 -0.562
(0.371) (0.363) (0.373) (0.370) 
3 x 1 0.243 0.228 -0.129 -0.112
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(0.369) (0.362) (0.373) (0.369) 
4 x 1 0.324 0.426 -0.198 -0.020
(0.349) (0.342) (0.349) (0.348) 
5 x 1 0.279 0.281 -0.549 -0.020
(0.359) (0.351) (0.360) (0.357) 
Constant 0.128 -0.209 -0.293





1,094 1,094 1,094 
Note. *p  < .05;  **p  < .01;  *** p  < .001 
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Latent Class Analysis 
Research question 2: What number and type of classes (based on Head Start 
administrative data) best describe the children in the sample? Since the Head Start 
administrative data were coded as binary variables, logistic regression models were 
performed for two, three, four, and five class solutions using the generalized structural 
equation model estimation test in Stata 16. To assess the fit of those class solutions, the 
latent class goodness of fit statistics were produced for each class profile. Table 8 
displays the model fit indices for the latent class analysis models for the two, three, four, 
and five latent classes that I considered.  
Table 8.  
Assessing the Fit Statistics by Class Profile 
Number of Class Profiles AIC BIC Likelihood Ratio 
2 14,741.13 14,876.07 6,743.62 
3 13,675.91 13,865.82 5,656.40 
4 13,189.36 13,384.27 5,167.85 
5 12,951.84 13,276.69 4,878.33 
While in most situations, the 5-class profile solution would be preferred because 
of the lower Akaike Information Criterion (AIC). When graphed, the 2-class profile 
solution illustrated the most distinct classes (see Figure 12). Additionally, it is important 
to note that the AIC will continue to get smaller with every iteration. Thus, it is important 
that I not only assess the AIC, but also determine the best class profile by identifying the 
one with the most distinct groups (Nylund, Asparouhov, & Muthen, 2007). Although not 
mathematically the best AIC, the 2-class profile made the most theoretically sense and 
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was selected as the best class profile solution moving forward. The marginal means for 
the 2-class solution are displayed in Table 9 and 10. To see the graphed illustration of the 
three, four, and five class profile solutions, see Appendix C. 
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Figure 12.  
Two-Class Profile Solution 
Note. A=lead levels,  B=developmental screening, C=hearing test, D=vision  test,  E=TANF, F=SSI, G=WIC, H=Medicaid, 
I=SNAP, J=primary caregiver education, K=primary caregiver employment status, L=marital status, M=father involvement,  
and N=homeless family 
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Table 9.  
Class One Latent Class Marginal Means 
Margin Std. Err. [95% Conf. Interval] 
Lead Levels 0.86 0.02 0.83 0.89 
Developmental Screening 0.81 0.02 0.77 0.84 
Hearing Screening  0.75 0.02 0.71 0.79 
Vision Screening 0.83 0.02 0.80 0.86 
TANF 0.16 0.02 0.13 0.19 
SSI  0.39 0.02 0.35 0.44 
WIC 0.77 0.02 0.73 0.81 
Medicaid 0.76 0.02 0.72 0.80 
SNAP 0.9 0.02 0.87 0.93 
Parental Education  1.38E-08 . . . 
Employment Status 0.18 0.02 0.15 0.22 
Marital Status 0.28 0.02 0.24 0.32 
Father Involvement 0.26 0.02 0.22 0.30 
Homeless Status 0.68 0.02 0.64 0.72 
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Table 10.  
Class Two Latent Class Marginal Means 
Margin Std. Err. [95% Conf. Interval] 
Lead Levels 0.99 0.00 1.8E-179 0.53 
Developmental Screening 0.76 0.02 0.72 0.80 
Hearing Screening  0.72 0.02 0.68 0.76 
Vision Screening 1 6.70E-06 1.9E-289 1 
TANF 0.16 0.02 0.14 0.20 
SSI  2.21E-08 0.00 0 1 
WIC 0.13 0.02 0.10 0.17 
Medicaid 0.58 0.02 0.54 0.63 
SNAP 0.64 0.02 0.60 0.68 
Parental Education  0.26 0.02 0.22 0.30 
Employment Status 0.77 0.02 0.73 0.81 
Marital Status 0.55 0.02 0.50 0.60 
Father Involvement 0.26 0.02 0.22 0.30 
Homeless Status 0.99 . . . 
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Figure 12 illustrates the 2-class profile solution. Each of the Head Start 
administrative data were grouped within their corresponding sub-group (Health 
Assessment, Social Service Support, and Family Structure). The first four items (A- D) 
represent Health Assessment (A= Lead Levels, B = Developmental Screening,  C = 
Hearing Screening, and D = Vision Screening), the next five (E-I) represent Social 
Services (E= Temporary Assistance for Needy Families, F = Supplemental Security 
Income, G = Women, Infants, and Children, H = Medicaid, and I = Supplemental 
Nutrition Assistance Program), and the last five (J-N) represent Family Structure (J = 
Parental Education, K = Employment Status,  L = Marital Status, M = Father 
Involvement, and N = Homeless Status).  
The line graph was produced to better understand and visualize the class profiles, 
which is often used to assist with labeling the classes. The lighter dashed line represents 
Class One. Class one is characterized by high enrollment in WIC, Medicaid and SNAP. 
Additionally, this class profile was more likely to be in a single parent home, have an 
unemployed primary caregiver with a high-school degree or lower, and lower father 
involvement at intake. Class One was therefore labeled High Risk Family Structure and 
High Social Service Enrollment. The solid dark blue line represents Class Two. Class 
Two is characterized by being more likely to live in a two-parent home, have an 
employed primary caregiver, and not homeless. Additionally, they were less likely to be 
enrolled in TANF, SSI, and WIC. This group was labeled Strong Family Structure and 
Low Social Service Enrollment.  
Across both classes, there were similarities in peaks. For instance, in the case of 
both classes, passing the lead level screening and the vision test were higher than the 
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developmental screening and hearing test. Enrollment in SNAP was consistently the 
highest in the Social Service category and both were more likely to pass their lead level 
screening, developmental screening, vision test, and hearing test, with Class Two 
performing slightly higher than Class One.  
To assess the proportions of the population in each group of the 2-class profile, 
the latent class marginal probabilities test was performed. As displayed in Table 11, it is 
estimated that 49% of the total sample was in Class One and 51% of the total sample was 
in Class Two. See Table 11 below. 
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Table 11.  
Expected Proportion of Population in Two-Class Solution 
Class Class Label Prevalence Std. Err [95% Conf. Interval] 
1 High Risk Family Structure and 
High Social Service Enrollment 
0.49 0.02 0.45 0.53 
2 Strong Family Structure and  
Low Social Service Enrollment 
0.51 0.02 0.47 0.55 
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Research question 3: To what extent does membership in these classes predict 
kindergarten readiness across cognitive, literacy, mathematics, and social-emotional 
development? Using the generalized structural equation model test and the latent class 
marginal means, I obtained marginal means for each class profile by developmental 
assessment (cognitive, literacy, mathematics, and social-emotional). Table 12 displays 
the results of the latent class marginal means and Table 13 displays the estimated 
percentage of the sample in each respective class.  
Children in Class One (High Risk Family Structure and High Social Service 
Enrollment) performed lower than their peers across the cognitive (Class One: 15.48, 
11% of sample; Class Two: 30.21, 89% of sample), literacy (Class One: 27.27,  41% of 
sample; Class Two: 48.13, 59% of sample), and mathematics (Class One: 18.33,  18% of 
sample; Class Two: 28.17, 82% of sample) kindergarten readiness assessments. However, 
Class Two (Strong Family Structure and Low Social Service Enrollment) performed 
lower than Class One on the social-emotional  developmental assessment at kindergarten 
entry (Class One: 27.64,  86% of sample; Class Two: 13.91, 14% of sample). See Table 
12 and Table 13. Figure 13 illustrates the marginal counts of each class profile by the 
kindergarten developmental assessment (cognitive, literacy, mathematics, and social-
emotional). 
Class One performing better than Class Two is evidence that, despite the multiple 
risk factors associated with Class One, the children in this class were socially well 
adjusted. This finding either helps to undo the myth that children from high risk families 
are less well-adjusted, or it highlights a potential mediating factor within the Head Start 
program. 
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Table 12.  
Marginal Counts for Each Class by Assessment 
Latent Class Margin Std. Err z P>|z| [95% Conf. Interval] 
Class 1. Cognitive 15.48 0.69 22.32 0.00 14.12 16.84 
Class 2. Cognitive 30.21 0.20 149.70 0.00 29.81 30.61 
Class 1. Literacy 27.27 0.31 87.45 0.00 26.66 27.88 
Class 2. Literacy 48.13 0.33 146.57 0.00 47.49 48.76 
Class 1. Mathematics 18.33 0.44 42.11 0.00 17.47 19.18 
Class 2. Mathematics 28.17 0.21 134.82 0.00 27.76 28.58 
Class 1. Social-Emotional 27.64 0.20 138.20 0.00 27.25 28.03 
Class 2. Social-Emotional 13.91 0.52 26.88 0.00 12.90 14.93 
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Table 13.  
Estimated Percentage of the Sample 
Latent Class Margin Std. Err [95% Conf. Interval] 
Class 1. Cognitive 0.10 0.15 0.08 0.13 
Class 2. Cognitive 0.90 0.15 0.87 0.92 
Class 1. Literacy 0.41 0.17 0.38 0.44 
Class 2. Literacy 0.59 0.17 0.56 0.62 
Class 1. Mathematics 0.18 0.02 0.15 0.22 
Class 2. Mathematics 0.82 0.02 0.78 0.85 
Class 1. Social-Emotional 0.86 0.15 0.83 0.89 
Class 2. Social-Emotional 0.14 0.15 0.11 0.17 
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Figure 13. 
Marginal Counts for Each Class by Assessment 
Note. All comparisons were significant. FS = Family Structure and SS= Social Services
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CHAPTER 4: DISCUSSION AND IMPLICATIONS 
Discussion 
The aim of this dissertation was to explore the utility of using Head Start 
administrative data to identify early risk factors and intervention opportunities prior to 
kindergarten entry. Specifically, the dissertation explores the effects of proximal and 
distal influences (child and family characteristics) on children’s early cognitive, literacy, 
mathematics, and social-emotional development. Evidence from this dissertation provides 
additional support for the use of administrative data as one mechanism for providing a 
comprehensive understanding of kindergarten readiness among children from low-
income families (Lane, 2016; Fantuzzo et al., 2012; Fantuzzo & Culhance, 2015; 
Fantuzzo, et al., 2019). The integration of data across the education, social services, and 
ecological levels (i.e. individual and family) also provided evidence of the important 
contributions of integrated data in assisting with the identification of early risk factors 
and intervention opportunities, by highlighting the association between early risk and 
kindergarten readiness (Fantuzzo, et al., 2019). 
Predictor Variables Associated with Kindergarten Readiness. Through the 
application of multiple regression analysis, findings suggest that if a child were homeless 
at Head Start intake, they were more likely to score lower than non-homeless children 
across literacy (by -0.319), mathematics (by -0.312) and social-emotional (by -0.373) 
development at kindergarten entry. For context, children learn approximately one 
standard deviation over the course of the kindergarten year across various developmental 
domains (Hill, Bloom, Black, & Lipsey, 2008).   
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These findings are consistent with current research that homelessness during the 
early stages of development are often associated with lower performances across 
academic achievement, and specifically, social-emotional development (Brumley, 
Fantuzzo, Perlman, & Zager, 2015; Fantuzzo, LeBoeuf, Brumley, Perlman, 2013; 
Haskett, Armstrong, & Tisdale, 2015). The findings from this dissertation add to the 
existing literature by providing evidence of how early we might be able to detect the 
effects of homelessness on later academic achievement. Additionally, the dissertation 
demonstrates how data integrated from a variety of different sources provides a 
comprehensive understanding of the child and allows for proactive opportunities to better 
identify potential risk factors prior to kindergarten entry.  
Also consistent with previous research is the role of fathers in the lives of children 
from low-income families and its relation to a child’s academic development. Father 
involvement during the early stages of a child’s development, especially for children 
from low-income families, have been linked to greater developmental outcomes (Ancell, 
Bruns, & Chitiyo, 2018; McWayne, Downer, Campos & Harris, 2013). In this 
dissertation, father involvement was associated with an increase of 0.224 of a standard 
deviation on the cognitive assessment. These findings are in line with empirical studies 
finding a relatively strong correlation between father involvement and a child’s cognitive 
development (Fan & Chen, 2001; Jeynes, 2007; Varghese & Wachen, 2016). 
Understanding the relationship between father involvement, cognitive development, and 
later scores on the kindergarten readiness assessment is essential. This information allows 
for Head Start administrators to become more proactive in how they engage fathers and 
69 
how they develop interventions focused on cognitive development for children when 
father involvement is not present.  
Furthermore, this dissertation highlights the relationship between passing the 
hearing test and later cognitive development. Specifically, if a child passed their hearing 
screening during the Head Start intake, this was associated with the child obtaining a 
higher cognitive score of 0.179 of a standard deviation at kindergarten entry compared to 
children that did not pass the hearing assessment. Hearing loss early in life is often 
associated with significant developmental delays and later life cognitive difficulties (Cole 
& Flexer, 2019; Monroy, 2019; Okely, Akeroyd, Allerhand, & Deary, 2019; Yoshinaga-
Itano, Sedey, Wiggin, & Chung, 2017). Perhaps most importantly, these studies also 
noted the importance of early intervention as a mediating role in promoting positive 
cognitive development. The findings from this dissertation highlight the importance of 
administrative data in serving as an early warning indicator in which not passing the 
hearing test should not only activate medical health interventions (i.e. hearing aids), but 
should also serve as an indicator for further educational cognitive developmental 
interventions.   
Class Profiles and Kindergarten Readiness. Class One (High Risk Family 
Structure and High Social Service Enrollment) performed lower than their peers across 
the cognitive (Class One: 15.48, 11% of sample; Class Two: 30.21, 89% of sample), 
literacy (Class One: 27.27,  41% of sample; Class Two: 48.13, 59% of sample), and 
mathematics(Class One: 18.33,  18% of sample; Class Two: 28.17, 82% of sample) 
kindergarten readiness assessments. These findings are consistent with the extensive 
amount of research about the relationship between single-parent households, low parental 
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education, parent unemployment, limited father involvement, and homeless status on less 
than optimal developmental outcomes during the early years of development (Ancell, 
Bruns, & Chitiyo, 2018; Brumley, Fantuzzo, Perlman, & Zager, 2015; Erola, Jalonen, & 
Lehti, 2016; Fantuzzo, LeBoeuf, Brumley, Perlman, 2013; Haskett, Armstrong, & 
Tisdale, 2015; Malczyk & Lawson, 2017; Nikolova & Nikolaev, 2018; Varghese & 
Wachen, 2016).  
An encouraging finding from the dissertation is that despite Class One’s high risk 
class profile, the children in this class performed better than Class Two (Strong Family 
Structure and Low Social Service Enrollment) on the social-emotional developmental 
assessment at kindergarten entry. While there is a great deal of research that associates 
low family functioning with less than optimal social-emotional development, the findings 
from this dissertation demonstrate the potential impact of Head Start as an early 
intervention opportunity to shift a child’s social-emotional developmental trajectory.     
Implications 
Policy Implications. This dissertation offers an alternative approach to 
understanding the various factors contributing to the developmental outcomes of children 
from low-income families. The implications of this study have the potential to inform 
early intervention policies at the state level aimed at improving kindergarten readiness for 
its most vulnerable populations. The dissertation provides evidence of the importance of 
collaboration between Head Start and the public education system to successfully 
transition and prepare children. 
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As states contemplate the implementation of an integrated system, this 
dissertation has the potential to highlight the contributions an integrated data system will 
have on the future developmental outcomes and overall well-being, of the state’s 
youngest population. In a few states, advocates and policymakers have worked to pass 
legislation that mandates state agencies to become transparent and collaborative across 
state agencies.  
Additionally, states should work towards developing student identification 
numbers to be able to properly track academic growth from child care into the public 
education system. This allows state leaders to assess the effectiveness of interventions 
prior to kindergarten. It also provides oversight on the effectiveness of how government 
funding is allocated.  
Implications for Practice. The findings from this dissertation also have 
implications for early childhood educators and administrators. Specifically, Head Start 
providers are given insight into how the administrative data they are collecting provides 
knowledge of which children need additional support prior to kindergarten. The patterns 
of child and family characteristics, and later kindergarten readiness support previous 
findings that children who experience high amounts of individual and family level risk 
factors are more likely to perform lower than their peers across several developmental 
domains (Aber, Jones, Chaudry, 2007; Brooks-Gunn & Duncan, 1997; Duncan, Yueng, 
Brooks-Gunn, 1998; Duncan & Brooks-Gunn, 2000; Hackman, Farah, and Meaney, 
2010; Komro, Flay, and Biglan, 2011; Reiss, 2013; Yoshikawa, Aber, and Beardslee, 
2012).  
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However, this dissertation highlights the importance of early intervention. For 
instance, homeless status at Head Start intake was statistically significant in predicating 
lower performance across literacy, mathematics, and social-emotional development after 
controlling for all other potential risk factors. These findings underscore that the adverse 
childhood experience of being homeless is extremely detrimental to a child’s future 
academic and social-emotional well-being, which many before having acknowledged 
extensively (Brumley, Fantuzzo, Perlman, & Zager, 2015; Fantuzzo, LeBoeuf, Brumley, 
Perlman, 2013; Haskett, Armstrong, & Tisdale, 2015). The added component of this 
dissertation is the focus on utilizing administrative data prior to kindergarten entry, which 
has implications for how educators work with children and families who identify as being 
homeless, prior to taking the kindergarten readiness assessment. Rather than using the 
label as a defining characteristic, educators can use this knowledge as an indication to 
intervene early through targeted intervention efforts.   
Limitations 
While there are several limitations of this dissertation, I will focus on the 
following three limitations: 1) generalizability of sample, 2) teacher and administrator 
reported data, and 3) validity and reliability of the Head Start assessment tools.  
The sample used for this dissertation comes from over five years of administrative 
data collected from one Head Start. The multiple cohorts in this sample add an additional 
layer of complexity because it introduces potential differences from year to year that 
might have serious implications for how the data is interpreted. In efforts to address this, 
I assessed for an interaction effect between each cohort and statistically significant 
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findings from the multiple regression analysis. Since the only interaction effects were 
found between two cohorts and father involvement, it seemed appropriate to combine the 
data set in efforts to enrich the statistical power of the analysis.  
Additionally, since the Head Start program is a federally funded program with 
specific eligibility requirements, the children and families in this dissertation sample are 
more homogenous than different. Many of the families must meet certain income 
requirements which are often highly correlated with a parent’s employment status, level 
of education, and enrollment in social services. These unique Head Start unique 
characteristics limit the generalizability of the class profiles. However, as noted 
throughout this dissertation, children from low-income families are most at risk of falling, 
and staying behind, academically. Therefore, the results from this dissertation are even 
more essential as we consider equitable opportunities for addressing the achievement and 
opportunity gaps that exist between children and families of different socioeconomic 
backgrounds. 
Self-reported data has long been an issue in research as it relates to the reliability 
and accuracy of the data being reported. The Teaching Strategies GOLD, Kindergarten 
Entry Assessment, is an observation-based formative child assessment. Additionally, the 
administrative data entered into the ChildPlus database (Head Start data management 
software), relies heavily on the administrator to recall important information during 
interviews and documentation review. Both protocols (observation-based formative child 
assessments and manually entering data into the Head Start database), create significant 
opportunity to introduce error through inaccurate recollection, biased assessments, or 
basic data entry error. However, one of the major benefits to self-reported data is that it is 
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often easier to obtain responses quickly, and many educators find the observational 
method easy for them to incorporate into their daily teaching schedule. 
Lastly, I was not able to obtain the assessment tools used to assess the child’s lead 
levels, vision screening or hearing screening to ensure that the measurement tools or 
information collected (i.e. by a physician) were normed across the different cohorts. The 
National Head Start Association currently recommends a variety of measurement tools 
that are credible but does not mandate the use of any specific instrument and instead, 
leaves it to state control. Additionally, the Health Assessment data used for this 
dissertation largely relied on what was entered into the ChildPlus database, with no room 
for me to assess the raw scores and develop a normative standardized score across the 
various cohorts. Unfortunately, there is no way to understand if the assessment utilized in 
2015 remains the same for 2016-2019. Due to multiple staff changes overtime, these 
changes were not included in the record keeping of the Head Start organization in this 
study. However, it is my belief that the “pass or fail” metric that was used for all the 
cohorts is in fact extremely useful and hopeful. It is useful because it helps to establish 
some level of commonality from year to year, and I am hopeful that the illustration of the 
importance of administrative data collected begins to help inform the importance of 
consistency in metrics, or transparency in the documentation of the metrics utilized 
overtime. 
Conclusion 
It is well established in the research that children who grow up in low-income 
environments are more vulnerable to less than optimal developmental outcomes. 
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Attempting to undo or prevent the negative outcomes associated with childhood poverty 
on academic development may seem unmanageable because the causal relationship is 
unclear, and there are several factors to consider. However, regardless of the causality 
debate, one thing is clear, childhood poverty increases a child’s susceptibility of being 
exposed to increased adverse childhood experiences that have the potential to contribute 
negatively across several developmental domains (cognitive, literacy, mathematics, 
social-emotional etc.). Many of which, are highly correlated to a child’s school readiness 
skills at the start of kindergarten and later life academic achievement. 
It is also well known that intervening early in the lives of children from low-
income families has the potential to disrupt the effects of intergenerational poverty and 
promote kindergarten readiness. In efforts to do so, we must consider a multidimensional 
approach to intervention and policy, one that incorporates the proximal and distal 
influences in a child’s life. The findings from this dissertation demonstrate the integral 
role Head Start administrative data can play in providing early insight into potential risk 
factors prior to kindergarten entry. Administrative data can no longer be used as a 
regulatory requirement and must be considered as a critical data piece to understanding 
the whole child.   
Thus, additional research about the utility of integrated administrative data, and 
its relationship to understanding school readiness is needed to better understand its 
potential value. Additional research should also work to assess how different class 
profiles, based on administrative data, provide a compressive picture of the multiple 
factors that contribute to a child’s kindergarten readiness outcomes. The combination of 
using integrated data and latent class analysis highlights that not one single measure 
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predicts certain outcomes, but rather it is the amalgamation and interrelatedness of 
variables included that allow for greater precision in our intervention efforts. Ultimately, 
the most promising lever of change would be a statewide integrated database that is used 
to determine early warning indicators in efforts to develop actionable polices and 
intervention strategies that promote the optimal academic development of children from 
low-income families. 
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Latent Class Profile Solutions 
Figure 14.  
Three-Class Profile Solution 
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Figure 15.  
Four-Class Profile Solution 
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Figure 16.  
Five-Class Profile Solution 
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